Abstract-The previous research on cross-training mainly focused on productive efficiency. However, enhancing labor's satisfaction of tasks is as much important as improving production performance. This paper addresses a new cross-training policy for an assembly cell from the point of view of humanization. A multi-objective 0-1 integer programming model is presented to implement the crosstraining policy for an assembly cell. The first objective works on getting to maximize average satisfaction degree, and the second objective seeks to minimize average paid salary, while determining which labors should be cross-trained on which tasks. Non-dominated sorting genetic algorithm (NSGA-II) is developed to solve the model. A series of computational experiments are proceeded to explore the impact of three factors on cross-training, including labor's preference structure, labor's salary structure, and task redundancy. The results indicate that the balanced preference structure is better than the extreme one, the non-uniform salary structure is better than the uniform one, and the smaller task redundancy is better than the bigger one under various scenarios in the paper. Those insights can be used to direct the managers of human resource to choose the candidates for cross-training.
INTRODUCTION
Flexible workforce, as one of the most important factors of a flexible manufacturing system [1] [2] , can reduce the impact of fluctuations in production demand and labor supply. Some approaches to create flexibility via multi-functional workers have been proposed by [3] . However, until recently, little study is devoted to workers' attitude to cross-training. In fact, high task dissatisfaction could result in low productive efficiency, absenteeism, and even demission. In the mid-1980s, managers and engineers at one West Coast electronics facility created cells to assemble printed circuit boards. They put considerable efforts into the technical details of the cell conversion, but gave little thought as to how the human resource system would be affected. As operators weren't involved in the conversion decisions, widespread operators' dissatisfaction resulted in the dissolution of the cells about a year later [4] . In addition, other organizations experienced the conflict between labor and management on cell work rules, which resulted in a doubling of employee turnover rates [5] . Clearly, in these situations, the tensions between the technical capacity requirements of production and the social needs of the operators created barriers to successful cellular manufacturing implementation.
The contribution of this paper is to address the crosstraining plan with the view of the humanization besides economy by considering labor satisfaction on tasks, which increases the applicability of the model. The improved NSGA-II algorithm is developed to solve the model more efficiently. Some important cross-training insights based on these policies are derived from a series of experiments, such as the impact of the labor's preference structure on cross-training, and the impact of the labor's salary structure on cross-training, etc. The paper is structured as followings: in section 2, literature review is given. And in section 3, the description of problem is given. And in section 4, a multi-objective model is formulated to implement cross-training policy. In section 5, an algorithm is given to solve this model. In section 6, a series of computational experiments are proceeded to explore the impact of three factors on crosstraining. Section 7 contains analysis and discussion, and the concluding remarks are included in section 8.
II. RELATED WORK
With shortened product life cycles, increased product variety, and lessened lot size caused by rapid development of business globalization, many organizations are trying to increase their opportunities to survive in today's competitive and volatile economic environment by adopting competitive strategies such as flexible manufacturing systems [6] [7] . The methods of implementing workforce flexibility include the use of contingent and temporary workers [8] , flexible working hours, worker training, and the use of cross-trained workers with effective coordination mechanisms [9] . Cross-training can benefit production systems by compensating the potential loss of production due to volatilities of workforce [10] , and can increase the possibility that labors may help each other and share their workloads [11] . Cross-training is this latter mechanism that is receiving attention widely and used to meet such challenges as competition intensifies.
Simulation as a main research method is used by many researchers. Ref. [12] applied the cross-training principle of chaining to staffing assembly lines using simulation method. Ref. [13] proposed a real options framework to model and financially values a cross-training policy. Ref. [14] showed that the frequency of new part type introduction needs to be considered with a cross-training policy. Ref. [15] explored the impact of cross-trained workers in dual resource constrained (DRC) systems with machines having different mean processing times by means of queuing and simulation analysis.
In addition, analytical analysis methods are also chosen by many researchers to solve the problem of cross-training. Ref. [16] developed an integer programming model for selecting workers to be crosstrained for particular machines by the 'chain' strategy, and the model can help in trade-offs between training costs and the workload balance among workers in cellular manufacturing systems. Ref. [17] provided some insights into the choice of an optimal workforce mix of the flexible and dedicated servers in service systems with two types of customers, and a matrix-analytic method was used to investigate the impact of various system parameters. Ref. [18] addressed a non-linear assignment problem for allocating cross-trained workers to evaluate workforce staffing and scheduling policies. A branch and bound algorithm was developed to conduct a computational investigation of cross-training policies, and interactions among coefficient and other factors were also identified.
Ref. [19] firstly attempted to scientifically evaluate the human impacts of cellular manufacturing systems, such as worker performance, attitudes, and satisfaction. Ref. [20] added employee preferences as a parameter to allow the description of specific personnel scheduling problems connected with a particular activity domain. Ref. [21] introduced a formal description and mathematical modeling of the personnel scheduling problem in the context of a paced multi-product assembly center, wherein, the individual competencies, mobility and preferences of each worker were explicitly taken into consideration. Ref. [22] elaborated daily assignment of employees to workstations in order to minimize simultaneously the operational costs and personnel dissatisfactions.
III. MODEL FORMULATION
When the cell formation is completed, product family needed to be assembled in a cell is separated into several assembly tasks, and these tasks will be operated by one or several workers (see in figure 1 ). The workforce is prepared for each assembly cell by cross-training. The cross-training plan is concerned of who should be assigned to which tasks. The workforce demand is decided by production demand and workforce flexibility. Multi-functionality and task redundancy are two kinds of cross-training policies used widely, which are defined as the number of labors who have ability to complete the task. A new cross-training policy considering labors' task satisfaction is addressed for improvement when task redundancy is guaranteed. At the same time, managers want to keep the cost for the human resources as low as possible by assigning the worker with less salary to be trained.
A labor' task satisfaction concerns with the match between his preferred tasks and the trained tasks, which is expressed as the ratio of the number of the cross-trained tasks and the number of the preferred tasks. A labor's satisfaction is zero if he isn't assigned to be cross-trained. Average satisfaction degree (ASD) measures the degree of matching between labor preference and cross-training configuration per labor. Average paid salary (APS) measures the average paid salary per task. The first objective maximizes average satisfaction degree, and the second objective seeks to minimize average paid salary, while determining which labor should be cross-trained on which task. It is assumed that all the labors are homogenous so that the training cost of each task has nothing to do with different labor, and the sum of the training cost should less than the given total costs. The goal of this paper is to tackle the cross-training programming for assembly cells with the maximization of average labor satisfaction degree and the minimization of average labor salary. 
The objective function (1) represents maximizing the average satisfaction of cross-trained labors. Objective function (2) represents minimizing average paid salary per task. Equation (3) (5) and (6) concern the boundaries of the multi-functionality of each worker and the boundaries of the redundancy of each task, respectively. Constraint (7) forces cross-training cost on all tasks is less than the given total cross-training cost.
IV. NSGA-II ALGORITHM Evolutionary multi-objective optimization (EMO) is a research field concerned with the development of a set of techniques that allow evolutionary algorithms to perform genuine multi-objective optimization, providing a decision maker with a set of alternative trade-off (nondominated) solutions for the problem considered. The EMO field has grown rapidly over the last decade, and has become one of the most successful evolutionary computation research areas.
The methodology described in this paper exploits the characteristics of the NSGA-II methodology in order to evolve a set of non-dominated solutions for the multiobjective cross-training problem. Some important parameters are described in details as follows, such as chromosome coding, genetic operator, repairing strategy, terminal condition and Pareto filter.
A. Representation of Solutions
An individual represents a cross-training configuration, which is composed of IJ  genes in figure 2 . If the value of a gene equals to 1, it represents that the corresponding labor is cross-trained and vice versa. Figure 1 represents labor 1 will be trained for task 1 and 3, and labor 2 will be trained for task 2 and 3. 
B. Genetic Operators
The parents are selected from the population by using binary tournament selection based on fitness value. The fitness value is composed of the rank and crowding distance. The single point crossover operator exchanges the labor's cross-training arrangement. Exchange the value of two genes to realize the bitwise mutation.
C. Repairing Strategy Design
Some infeasible solutions may be generated by implementing genetic operator as some constraints exist. Several techniques have been proposed to handle constraints, such as rejecting strategy, repairing strategy, modifying genetic operator strategy and penalty strategy. Repairing strategy has much superiority than other strategies while dealing with combinatorial optimization problems. Here repairing strategies are applied to convert an infeasible offspring into a feasible one.
According to the crossover and mutation operators described above, the offspring can satisfy constraint (5) all the time. Namely, if an offspring is infeasible, it must dissatisfy one of constraints (6) and (7) at least. The repairing strategy is described as following. Firstly, starting from the first task we adjust the number of labors cross-trained on it to lower bound of task redundancy in sequence, if the number of labors cross-trained on this task is less than the lower bound of task redundancy. Secondly, starting from the first task we adjust the number of labors cross-trained on it to upper bound of task redundancy in sequence, if the number of labors cross-trained on this task is more than the upper bound of task redundancy. Finally, if the offspring dissatisfy constraint (7), we reduce the number of cross-trained labors on tasks which redundancy is higher than the lower bound of redundancy one by one till the offspring satisfy constraint (7).
D. Pareto Filter Design
Original NSGA-II outputs the population got by the last iteration as the final solution set, which might result in losing some non-dominated solutions, which do not appear in the population got by the last iteration, but do appear in the process of iterations. There are mainly two reasons leading to this outcome. Firstly, the number of the practical non-dominated solutions is larger than the size of the preestablished population. Secondly, some non-dominated solutions are abandoned with small crowding distance in order to search Pareto solution in a bigger space. To fill this gap, Pareto filter is adopted to store the non-dominated solutions got by all the iterations. Finally, the non-dominated solutions of Pareto filter act as Pareto set to output.
E. Genetic Algorithm for the Multiple-objective Crosstraining Problem
All the elements discussed above are synthesized to evolve a multi-objective genetic algorithm with multiple fitness functions.
Step 1. Set values of parameters, including size_pop, max_gen, iteration number 1 i  , and initialized current population with fitness value of each individual of the current population.
Step 2. If iteration number i  max_gen, go to step 3; otherwise, go to step 8;
Step 3. Select individuals of parent population by tournament selection within the current population;
Step 4. Get an intermediate population by crossover and mutation of parent population;
Step 5. Modify all the infeasible individuals in the intermediate population to form a children population with all feasible individuals;
Step 6. Select size_pop individuals with the best fitness value within the individuals of the population combined by the current population and the children population to update the current population;
Step 7. Add all the non-dominated individuals within the current population to Pareto Filter; 1 ii ; go to Step 2;
Step 8. Output all the non-dominated individuals of Pareto Filter as the final Pareto Set.
Step 9. The end.
V. EXPERIMENT DESIGN
A series of computational experiments are conducted to analyze the impact of labor preference, salary structure, and task redundancy on the cross-training programming. NSGA-II is adopted to solve our problem. Population size is set as 100, iteration is set as 500, and crossover rate and mutation rate are set as 0.9 and 0.01, respectively. The assembly cell consists of 5 tasks and 5 candidate labors.
A. Task Redundancys and Cross-training Cost
There are two levels of task redundancy considered. The lower one is [2, 3] , and the higher one is [3, 4] .
Cross-training cost per labor on the tasks is presented in Table 1 . 
B. Labor Salary Structures
Two kinds of labor salary structures are addressed. One is the nonuniform structure and the other is the uniform structure. The nonuniform salary structure means that some labor's salary is higher than the others' one. The uniform salary structure means all the labors' salary is the same. Two structures of salary are given in Table 2 , and the total salary is the same. 
C. Labor Preference Structures
Two structures of labor preference of tasks are compared on the impact of the cross-training policy proposed in this paper. One of them is called the balanced structure of labor preference (BLP), where the number of labors with the same number of the preferring tasks is between 1 and 3 (see in Table III ). The other is called the extreme structure of labor preference (ELP), where the number is between 0 and 5 (see in Table IV).   TABLE III. BALANCED PREFERENCE STRUCTURE OF TASKS. 
VI. ANALYSIS AND DISCUSSION
Experiments are conducted with factors at all of its own levels. The number of replication is 20. There will be 20*2*2*2=120 experiments. The optimal average satisfaction degree and the optimal average salary are derived from the Pareto front according to NSGA-II algorithm to analyze the impact of different factors on the cross-training plan. Some insights about how to choose the candidates for cross-training are addressed.
A. Impact of Task Redundancy Under Certain Scenarios
To analyze the impact of task redundancy under various scenarios, four figures are shown as follows from figure 3 to figure 6 . Figure 3 . Impact of two different task redundancies with the nonuniform salary structure and the balanced preference structure Fig. 3 shows that the performance with task redundancy [3, 4] is worse than that with task redundancy [2, 3] when the salary structure is nonuniform and the preference structure is balanced. Figure 4 . Impact of two different task redundancies with the nonuniform salary structure and the extreme preference structure. Fig. 4 shows that the performance with task redundancy [3, 4] is worse than that with task redundancy [2, 3] when the salary structure is nonuniform and the preference structure is extreme. Figure 5 . Impact of two different task redundancies with the uniform salary structure and the balanced preference structure. Fig. 5 shows that the performance with task redundancy [3, 4] is worse than that with task redundancy [2, 3] when the salary structure is uniform and the preference structure is balanced. Figure 6 . Impact of two different task redundancies with the uniform salary structure and the extreme preference structure. Fig. 6 shows that the performance with task redundancy [3, 4] is worse than that with task redundancy [2, 3] when the salary structure is uniform and the preference structure is extreme. In all, figure 3-6 show that more non-dominated solutions can be gotten with the smaller task redundancy, and all the solutions with the bigger task redundancy are dominated by the solutions with the smaller one. In other words, the smaller task redundancy is better than the bigger one.
B. Impact of Labor Preference Structure under Various Scenarios
To analyze the impact of labor preference structure under various scenarios, four figures are shown as follows from figure 7 to figure 10. Figure 7 . Impact of two different preference structures with the nonuniform salary structure and task redundancy [2, 3] . Fig. 7 shows that the performance with the balanced preference structure is better than that with the extreme preference structure when the salary structure is nonuniform and the task redundancy [2, 3] . Figure 8 . Impact of two different preference structures with the nonuniform salary structure and task redundancy [3, 4] Fig . 8 shows that the performance with the balanced preference structure is better than that with the extreme preference structure when the salary structure is nonuniform and the task redundancy [3, 4] . Figure 9 . Impact of two different preference structures with the uniform salary structure and task redundancy [2, 3] . Fig. 9 shows that the performance with the balanced preference structure is better than that with the extreme preference structure when the salary structure is uniform and the task redundancy [2, 3] . . Fig. 10 shows that the performance with the balanced preference structure is better than that with the extreme preference structure when the salary structure is uniform and the task redundancy [3, 4] . In all, figure 7-10 show that more non-dominated solutions can be gotten with the balanced labor preference structure, and all the solutions with the extreme labor preference structure are dominated by the solutions with the balanced one. In other words, the balanced structure is better than the extreme one.
B. Impact of Salary Structure under Certain Scenarios
To analyze the impact of salary structure under various scenarios, four figures are shown as follows from figure 11 to figure 14. Figure 12 . Impact of two different labor salary structures with the balanced preference structure and task redundancy [2, 3] . Fig. 11 shows that the performance with the nonuniform salary structure is better than that with the uniform salary structure when the preference structure is balanced and the task redundancy [2, 3] . Figure 13 . Impact of two different labor salary structures with the balanced preference structure and task redundancy [3, 4] . Fig. 12 shows that the performance with the nonuniform salary structure is better than that with the uniform salary structure when the preference structure is balanced and the task redundancy [3, 4] . Figure 14 . Impact of two different labor salary structures with the extreme preference structure and task redundancy [2, 3] . Fig. 13 shows that the performance with the nonuniform salary structure is better than that with the uniform salary structure when the preference structure is extreme and the task redundancy [2, 3] . Figure 15 . Impact of two different labor salary structures with the extreme preference structure and task redundancy [3, 4] . Fig. 14 shows that the performance with the nonuniform salary structure is better than that with the uniform salary structure when the preference structure is extreme and the task redundancy [3, 4] . In all, figure 11-14 show that more non-dominated solutions can be gotten with the nonuniform salary structure, and all the solutions with the nonuniform salary structure are dominated by the solutions with the uniform salary structure. In other words, the nonuniform salary structure is better than the uniform one.
VII. CONCLUSION
A multiobjective 0-1 integer programming model is presented to implement a cross-training configuration in assembly cells. Nondominated sorting genetic algorithm is developed to solve the model. A series of computational experiments are proceeded to explore the impacts of labor preference, task redundancy, and salary structure to give some insights for managers, respectively. Some conclusions are derived from the experiments. Firstly, the balanced labor preference structure is better than the extreme one. Secondly, the smaller task redundancy is better than the bigger one. Thirdly, the nonuniform labor salary structure is better than the uniform one. Those insights will provide the right direction for the practioners to implement this new crosstraining policy much better.
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